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Abstract
Porphyrins and metalloporphyrins are used as photosensitizers in photocatalysis, photodynamic
therapy (PDT), disinfection, degradation of persistent pollutants and other applications.
Their mechanism of action involves intersystem crossing to triplet excited state followed
by formation of singlet oxygen (1O2), which is a highly reactive species and mediates various
oxidative processes. The design of advanced sensitizers based on porphyrin compounds have
attracted significant attention in recent years. However, it is still difficult to predict the efficiency
of singlet oxygen generation for a given structure. Our goal was to develop a quantitative
structure-property relationship (QSPR) model for the fast virtual screening and prediction of
singlet oxygen quantum yields for pophyrins and metalloporphyrins. We performed QSPR
analysis of a dataset containing 32 compounds, including various porphyrins and their analogues
(chlorins and bacteriochlorins). Quantum-chemical descriptors were calculated using Density
Functional Theory (DFT), namely B3LYP and M062X functionals. Three different machine
learning methods were used to develop QSPR models: random forest regression (RFR), support
vector regression (SVR), and multiple linear regression (MLR). The optimal QSPR model
«structure – singlet oxygen generation quantum yield» obtained using RFR method demonstrated
high determination coefficient for the training set (R2 = 0.949) and the highest predicting ability
for the test set (pred_R2 = 0.875). This proves that the developed QSPR method is realiable and
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can be directly applied in the studies of singlet oxygen generation both for free base porphyrins
and their metal complexes. We believe that QSPR approach developed in this study can be
useful for the search of new poprhyrin photosensitizers with enhanced singlet oxygen generation
ability.
Keywords: porphyrins; photosensitization; singlet oxygen; Quantitative Structure-Property
Relationship; machine learning.
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1.

Introduction
Organic photosensitizers, efficiently forming long-living triplet excited states and

singlet oxygen (1O2), found applications in various fields of technology, e.g.
photocatalysis, disinfection, photodynamic therapy (PDT) and degradation of persistent
pollutants [1]. In recent years there has been a growing number of studies devoted to
synthesis and photophysical investigation of novel photosensitizers [2]. However, despite
a great number of papers on this topic it is still challenging to design a photosensitizer
with predetermined photophysical parameters, in particular absorption in a target region
of spectrum, high triplet excited state yield and long lifetime. For this reason,
development of structure-activity relationships for predicting photosensitizing ability of
organic molecules is crucially important.
Porphyrins represent a unique class of organic photosensitizers due to a
combination of easily controllable photophysical properties and synthetic accessibility
[3]. Porphyrins have multiple applications including drug delivery [4,5], bioimaging
[6,7], and non-linear optics [8,9] to name a few. One of the most intriguing properties of
porphyrins is their ability to produce singlet oxygen with high quantum yield under
visible light irradiation, which is used for the treatment of skin diseases such as psoriasis
[10], port-wine stains [11], as well as different types of cancer like mycosis fungoides (a
type of a cutaneous T-cell lymphoma) [12], malignant mesothelioma [13], glioma [14],
brain tumor [15], fibrosarcoma [16], colorectal cancer [17], osteosarcoma [18].
Porphyrins and metalloporphyrins are used in antimicrobial PDT [19-21]. Moreover,
some of the photosensitizers are used for the photodynamic treatment of such skin
diseases as vitiligo, psoriasis, etc.
In cells, porphyrins may participate in photooxidation reactions of electron donors
(nucleic acids, peptides, lipids, and other biomolecules). This type of reactions relate to
type I photooxidation mechanism:
P (S0) → 1P* → 3P*

(eq. 1)

P* + D → P•- + D•+

(eq. 2)
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Radical-anion of the porphyrin (P•-) may also transfer electron to O2 with formation of
superoxide-anion radical O2•-:
P•- + O2 → P + O2•-

(eq. 3)

Alternatively, reactive oxygen species (ROS), e.g. singlet oxygen is produced according
to type II photooxidation mechanism:
3

P* + O2 → 1O2 + P

(eq. 4)
3

As one can see both types of photooxidation reactions depend on the triplet state
formation. We may see that an efficient porphyrin photoagent possesses: 1) good
penetration into the cells; 2) high absorption coefficient in the red part of the visible
spectrum; 3) high triplet state quantum yield; 4) long triplet state lifetimes; 5) high ROS
generation efficiency, in particular, high quantum yield of singlet oxygen generation (Φ∆).
The parent compound of porphyrins, porphine (structure I, Fig. 1), exhibits
efficient intersystem crossing (ISC). Chemical modification of porphine scaffold allows to
optimize its properties for practical applications. For instance, chlorin (II) and bacteriochlorin
(III) derivatives possess intense absorption in the near-IR window of tissue and high values of
ΦΔ , that makes them ideal photsensitizers [22]. Introduction of peripheral substituents into meso
and  positions of the macrocycle can be used to modulate the wavelength of absorption maxima
within the therapeutic window and tune the solubility. However, it is hard to predict the effect of
substituents on ISC and in some cases functionalization (e.g. with strong electron accepting
groups) can lead to reduced triplet state yields and lifetimes [23].

Fig. 1. a) Porphine (I), chlorin (II) and bacteriochlorin (III) scaffolds. b) General
structures of photosensitizers investigated in this work.
Quantitive Structure-Activity Relationship (QSAR) models are commonly used for
the prediction of absorption, distribution, metabolism, excretion (ADME), toxicity, and
selectivity towards certain cells in pharmacokinetics. To our knowledge QSAR models
for the prediction of phototoxicity and for 1O2 generation quantum yield prediction are
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rare. However, earlier we showed that Quantitive Structure-Property Relationship
(QSPR) method may be used for the prediction of singlet oxygen generation quantum
yield for organic sensitizers [24,25].
The quantum yield of singlet oxygen generation Φ∆ is a ratio between the amount of
generated 1O2 molecules and the quantity of photons absorbed. Several parameters influence the
generation of 1O2: steric and structural effects, triplet state energy (ET), oxidation potential,
electronic configuration, solvent polarity, aggregation, and excimer formation [26]. Interaction
both with singlet and triplet excited states of a sensitizer can lead to energy transfer. However,
for most photosensitizers, the role of ground state molecular oxygen interaction with S1 state of
the photosensitizer is limited to the enhancement of the triplet quantum yield, and the main
pathway of 1O2 generation is O2 interaction with the first excited triplet state, T1 [26]. Thus, Φ∆ is
determined as:
Δ
ΦΔ = ΦT pO2
T fT

where Φ T is the triplet state formation quantum yield, pTO2 is the fraction of T1 state
quenched by molecular oxygen, fTΔ is the efficiency of 1O2 production during molecular
oxygen quenching of T1. Because the intramolecular T1 to S0 transition is spin-forbidden,
T1 states generally have long lifetimes, allowing almost complete quenching by O2 (pTO2
≈ 1) in air-equilibrated solutions. Incomplete quenching is observed only with triplet
states possessing a short lifetime due to high chemical reactivity or fast intersystem
crossing (ISC) (i.e., nπ* triplets), or in the presence of very high concentrations of other
quenchers [26].
The higher the rate of physical and chemical quenching of the triplets, the lower
the efficiency of energy transfer from the triplet state sensitizer to O2 [27]:
fTΔ =

k et [O2 ]
k et [O2 ] + k Tq [O2 ] + k p + k ISC

where ket is the rate of energy transfer reaction, kqT is the rate constant of other possible
processes involving 3P* and O2 (e.g. superoxide anion formation, quenching of 3P* by
molecular oxygen leading to the ground state of both reactants); kp and kISC are the rate
constant of radiative decay of the triplet state photosensitizer 3P* and the rate constant of
non-radiative decay, respectively. It was found that magnitudes of k qT and fTΔ are
inversely correlated, and both parameters exhibit pronounced sensitivity to the oxidation
potential [28].
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The quantum yield of the triplet state formation depends on the rate of intersystem
crossing k’ISC and the rates of competing processes:
k ′ISC
ΦT = ′
k ISC + k q + k fl + k ic
where k’ISC is the rate constant of S-T intersystem crossing, kq is the rate constant of
physical and chemical quenching of singlet excited state, k fl is the fluorescence rate
constant, kic is the internal conversion rate constant (Fig. 2). ISC is governed by spin-orbit
coupling (SOC) [29], which is a relativistic effect. SOC is enhanced in the presence of
atoms with large nuclei (heavy atoms), such as transition metals and halogens (bromine
and iodine). Introduction of heavy atoms into organic chromophores is a common
strategy used to access efficient photosensitizers. However, incorporation of heavy atoms
can lead to other problems, such as higher costs, toxicity, lower photostability and also a
shortened triplet state lifetime [30]. These issues have stimulated much efforts in the field
and photosensitizers with efficient ISC in the absence of any heavy atoms are being
actively investigated [31,32].
There are qualitative rules, describing ISC. According to El-Sayed rule [33], S-T
ISC is efficient between 1nπ* and 3ππ*, 1ππ* and 3nπ* states. Another generally known
rule is the energy gap law which says that transition probability depends exponentially on
the adiabatic energy difference ΔE, i.e., the smaller the energy gap the larger the
transition probability [34]. In quantum chemistry approximate SOC operators and stateof-the-art theoretical methods are used for evaluation of ISC rates. Since for
pharmaceutical purposes it is required to perform virtual screening on large libraries of
compounds, calculation of SOC operators for these purposes seems inappropriate. The
alternative strategy proposed in this study is the application of the QSPR and machine
learning methodology for the prediction of ΦΔ .
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Fig. 2. Jablonski diagram, key processes for triplet state formation.
Photosensitizer synthesis and experimental determination of singlet oxygen
generation quantum yield is a time- and labor-consuming process. Therefore, preliminary,
pre-synthetic screening of sensitizers for their ability to generate 1O2 would be of great
value. That is why our goal was to build QSPR models predicting the quantum yield of
1

O2 generation.
To develop a reliable QSPR model, we focused on a series of compounds,

combining several classes of functionalized porphyrins and their analogues (Fig. 1b). It
includes four sub-groups: 1) tetraphenyl porphyrins derivatives with different substituents
in meso-phenyl rings and -positions of pyrrolic rings; 2) -alkyl substituted porphyrins;
3) derivatives of etioporphyrin and deuteroporphyrin bearing electron donating or
accepting groups; 4) chlorin and bacteriochlorin derivatives. In addition, zinc (II)
complexes of six structurally different porphyrins were included into the dataset.
Previously reported data on ΦΔ of these compounds in organic solvent were used for
analysis. We performed QSPR analysis and optimized the model for predicting
photosensitizing ability. We believe that the results of our study will be helpful for the
virtual screening of new synthetic porphyrins and metalloporphyrins.
2. Methods
All porphyrin compounds studied in this work are poorly soluble in water, but possess
good solubility in organic solvents. For this reason, experimental values of ΦΔ measured in
toluene were used for analysis [35]. The activity of compounds, presented as Log ΦΔ, was used
7

as a dependent variable in the QSPR study. The porphyrins were divided into the training (80%
of studied compounds) and test sets (20%) using random number generation. The requirements
for the maximum and minimum values of Log ΦΔ in the test set were the following: 1) the
maximum Log ΦΔ value should be less than or equal to the maximum value of the training set; 2)
the minimum Log ΦΔ value should be higher than or equal to the minimum value of the training
set.
Two datasets were produced from the original one: 1) to simplify the task 26 free base
porphyrins were included in the first dataset; 2) the second one consisted of free base porphyrins
and corresponding zinc (II) porphyrins (32 molecules in total). Chemical structures of studied
compounds are presented in the Supporting Information (Fig. S1).
2.1 Geometry optimization
Conformational analysis of porphyrin molecules was performed using Spartan v. 16
modeling software from Wavefunction, Inc. (www.wavefun.com). Generation of low-energy
conformers was performed using PM6 semi-empirical quantum-chemical method [36].
Geometry optimization was done using Density Functional Theory. We used two different
methods for geometry optimization and molecular descriptors calculations. B3LYP [37,38]
functional with 6-31G(d,p) basis set for all atoms and LANL2DZ basis set with effective core
potential (ECP) [39-41] was used for iodine in Spartan v. 16. We used M06-2X [42,43] with
mixed basis set of 6-31G(d,p) for all atoms and SDD basis set with ECP for iodine [44] in
Gaussian v. 16 [45]. Optimized porphyrin metalloporphyrin geometries are presented on Fig. S2.
2.2 Molecular descriptors
Dragon v. 7.0 descriptors were calculated using online chemical modeling environment
OCHEM [46]: a total of 5270 descriptors was calculated. The number of Dragon descriptors was
reduced to 156 using Generic Algorithm v. 4.1 (a software developed in Jadavpur University
(Kolkata, India) and available at http://dtclab.webs.com/software-tools). Twenty six quantumchemical descriptors like dipole moment, frontier molecular orbital energies, HOMO-LUMO
gap, electronegativity, polarizability, reorganization energies were obtained at B3LYP/631G(d,p),LANL2DZ and M06-2X/6-31G(d,p),SDD level of theory for the gas phase. Several
parameters like singlet and triplet vertical excitation energies, and oscillator strength of S0S1
and S0S2 electron transitions, as well as S-T energy gap, were calculated with Time-Dependent
Density Functional Theory (TDDFT) and M06-2X functional.
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2.3 Machine learning techniques. Model search
Machine learning (ML) was performed using scikit-learn library of Python programming
language. We used three different ML methods: support vector regression (SVR), multiple linear
regression (MLR), and random forest regression (RFR) (Fig. 3).

Fig. 3. Modeling workflow.
The required MLR equation should have the following form:
y = c+a1*x1+ … +an*xn
where y is the dependent variable Log ΦΔ, c is a regression constant, a1 and an are regression
coefficients, x1 and xn are independent variables. The equation obtained should contain a
maximum of four descriptors for a training set of 21 compounds and five descriptors for a
training set of 26 compounds (at least five compounds per molecular descriptor) to avoid overfitting.
MLR model search was performed using Genetic Algorithm v. 4.1. SVR and RFR
models search was done in scikit-learn using grid-search method and 5-fold cross validation.
SVR model search was done by varying three parameters: C, epsilon, and kernel (linear,
polynominal, sigmoid or radial basis function). RFR search was performed by changing the
values of two parameters: number of estimators (trees) and maximal depth. Other parameters
were used by default.
We performed standard-scaling of descriptor values for SVR models. The idea of
standard-scaling is to make the values of each descriptor in the dataset have zero mean and unitvariance, according to the expression:
𝑋 − 𝑚𝑒𝑎𝑛(𝑋)
𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑_𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛(𝑋)
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2.4 Descriptors contribution to the model
We estimated the contribution of each descriptor to the MLR models using following
equation:
𝛼(𝑥1 ) =

𝑅2 (𝑥1 )

𝑅2 (𝑥1 )
× 100%
+ ⋯ + 𝑅2 (𝑥𝑛 )

where α(x1) is the relative contribution of the descriptor x1 to the model with several
descriptors, 𝑅 2 (𝑥𝑛 ) is the determination coefficient of the nth descriptor towards Log ΦΔ.
Relative contribution of descriptors in SVR and RFR models was evaluated by using the
facilities implemented in these methods: feature importance was evaluated in RFR; in SVR with
linear kernel coefficients of the descriptors were used for relative contribution calculation
according to the following formula:
𝛼(𝑥1 ) =

𝑐𝑜𝑒𝑓(𝑥1 )
× 100%
∑ 𝑐𝑜𝑒𝑓(" + ") − ∑ 𝑐𝑜𝑒𝑓(" − ")

where 𝑐𝑜𝑒𝑓(𝑥1 ) is the value of the coefficient for descriptor x1; ∑ 𝑐𝑜𝑒𝑓(" + ") and
∑ 𝑐𝑜𝑒𝑓(" − ") are the sums of coefficients for all positive and negative coefficients,
respectively.
2.5 Statistical parameters
Best QSPR models were selected on the basis of statistical parameters such as R2
(coefficient of determination of the training set), q2 (internally cross-validated R2 using the
leave-one-out (LOO) method), and pred_R2 (predictive R2 for the test set of compounds). Q2 and
pred_R2 were used for model validation and comparison. QSPR models obtained were validated
and tested for predicting ability using a test set of compounds.
To calculate q2 parameter each molecule in the training set was excluded once and Log
ΦΔ of the excluded molecule was predicted by using the model developed by the remaining
compounds. Q2 describes the internal stability of a model and was calculated using the following
formula:
𝑞2 = 1 −

∑(𝑦𝑖 − ŷ𝑖 )2
∑(𝑦𝑖 − 𝑦𝑚𝑒𝑎𝑛 )2

where yi and ŷi are the actual and predicted Log ФΔ value of the ith molecule in the training set,
respectively; ymean is the average Log ФΔ of all compounds in the training set.
For external validation, the activity of each compound in the test set was predicted using
the model developed by the training set. Pred_R2 indicates the predictive ability of the model.
Pred_R2 was calculated according to the equation:
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∑(𝑦𝑎𝑐𝑡 − 𝑦𝑝𝑟𝑒𝑑 )2
𝑝𝑟𝑒𝑑_𝑅 = 1 −
∑(𝑦𝑎𝑐𝑡 − 𝑦𝑚𝑒𝑎𝑛 )2
2

where yact and ypred are the actual and predicted activity of the ith compound in the test set,
respectively; ymean is the average Log ФΔ of all molecules in the training set. Both summations
are over all compounds in the test set.
3. Results and Discussion
To simplify the task we excluded metalloporphyrins and started with the analysis
of a dataset consisting of 26 free base porphyrins [35]. Most of the compounds in this
dataset are derivatives of tetraphenylporphyrin (TPP), containing different substituents in
meso-phenyl groups. We also included various representatives of -alkyl-substituted
porphyrins as well as derivatives of chlorin and bacteriochlorin. We used three different
machine learning methods in our analysis: random forest (RFR), support vector
regression (SVR), and multiple linear regression (MLR). Statistical parameters of the
models obtained are summarized in Table 1.
Table 1. Statistical parameters of three models predicting the quantum yield of singlet
oxygen generation by porphyrins: support vector regression (SVR), multiple linear
regression (MLR), and random forest (RFR).
Parameter

SVR

MLR

RFR

R
R2
q2
pred_R2
RMSE
max ΦΔ error (ΦΔ in %)
RMS ΦΔ error (ΦΔ in %)

0.984
0.968
0.561
0.694
0.037
12.3
3.9

0.929
0.863
0.733
0.876
0.043
15.8
6.5

0.981
0.962
0.787
0.869
0.029
13.5
4.5

A QSPR model is considered predictive if the following conditions are satisfied:
R2 > 0.6, q2 > 0.6, and pred_R2 > 0.5 [47]. As can be seen from Table 1, all three models
are sufficient. The SVR model has the highest values of R and R2 as well as the lowest
values of maximum ΦΔ error (12.3 %) and root mean square ΦΔ error (3.9%). The MLR
model has the highest value of the most important statistical parameter pred_R2. The RFR
model is perhaps the most internally stable one (q2 = 0.787) and possesses the lowest
value of root mean square error (0.029).
3.1 Model 1 (support vector regression)
Let’s regard the models obtained. Thus, we built a SVR model with linear kernel (Model
1). The model possesses constants C and epsilon both equal to 0.0025. Linear kernel makes it
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possible to evaluate descriptors contribution. The SVR model uses a full set of 182 descriptors,
but the two most influential descriptors are MATS1m (relative contribution -1.7%) and HATS4m
(1.5%). MATS1m is a Moran autocorrelation lag 1 / weighted by atomic masses (2D
autocorrelation descriptor) [48]. The descriptor is inversely correlated with Log ФΔ. N-Methyloctaethylporphyrin has the highest value of MATS1m equal to 0.063, while tetra(4bromophenyl)porphyrin ((p-Br)4-TPP) has the lowest value equal to -0.002. In general,
halogenated molecules have low values of the descriptor while halogen-free molecules have high
values of MATS1m. That means that halogenation is favorable for high ΦΔ, which is a wellknown effect [49]. HATS4m is a leverage-weighted autocorrelation of lag 4 / weighted by atomic
masses (GETAWAY descriptor) [50,51]. The descriptor is directly proportional to Log ΦΔ. The
value of HATS3m is equal to zero for 10 compounds presented in the dataset (Table 2), while
tetra(4-iodophenyl)porphyrin ((p-I)4-TPP) has the highest value of the descriptor equal to 0.134.
Like MATS1m, HATS3m values significantly vary from halogenated compounds to halogen-free
compounds.
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Table 2. Values of two main descriptors used in Model 1 (support vector regression).
Compound
(m-Cl)4-TPP
(o-Cl)4-TPP
(o-F)4-TPP
(p-Br)4-TPP test
(p-Cl)4-TPP
(p-F)4-TPP
(p-I)4-TPP
2,3,7,8-Tetraethylporphyrin
2,3,12,13-Tetraethylporphyrin
3,7,12,18-Tetramethyl-2,8-diethylporhyrin
5,10,15-NO2-etioporphyrin I
5,10-NO2-etioporphyrin I test
5,15-NO2-etioporphyrin I
5-CHO-Octaethylporphyrin
5-NH2-etioporphyrin I
5-NO2-etioporphyrin I
Deuteroporphyrin-IX-DME test
Etioporphyrin I
N-CH3-Octaethylporphyrin test
Octaethylchlorin
Octaethylporphyrin
Octamethyl-TPP
Porphine test
Tetraphenylchlorin
Tetraphenyltetrahydroporphyrin
TPP
test

MATS1m
0.005
0.005
0.027
-0.002
0.005
0.027
0
0.06
0.06
0.06
0.061
0.06
0.06
0.051
0.048
0.059
0.052
0.059
0.063
0.058
0.057
0.06
0.048
0.059
0.062
0.056

HATS4m
0.109
0.112
0.072
0.095
0.062
0.049
0.134
0.048
0
0.045
0.065
0.057
0
0
0
0
0
0
0
0.032
0
0.027
0
0.036
0.037
0

designates the compounds belonging to the test set
Experimental values of Log ΦΔ and values predicted by Model 1 for each porphyrin

compound are presented in Table S1 and in Fig. 4.
We randomly divided the dataset into the training and testing sets four times and tested
the models to additionally confirm good quality of the model obtained. Thus, key parameters had
the following value ranges after additional dataset splitting: R2 = 0.952-0.993, pred_R2 = 0.6100.691, q2 = 0.524-0.734, and RMSE = 0.019-0.037. These results show that Model 1 is tolerant
to alternative dataset splitting, possesses high predicting ability and internal stability.
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Fig. 4. Experimental vs. predicted Log ФΔ values for 26 free base porphyrins.
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3.2 Model 2(multiple linear regression)
Next, we obtained a linear regression equation predicting the ФΔ of 26 porphyrins.
The equation is presented below:
Log ФΔ = 1.829(+/-0.016) - 0.400(+/-0.228) MATS1e - 0.077(+/-0.026)*Eig02_EA(dm) +
0.345(+/-0.146)*HATS3m - 0.271(+/-0.112)*S1_fOSC

(Model 2)

MATS1e (relative contribution -43.4%) is a Moran autocorrelation lag 1 / weighted by
atomic Sanderson electronegativities [48]. MATS1e is inversely correlated with Log ФΔ. Among
the studied compounds 5,10,15-NO2-etioporphyrin I has the highest value of MATS1e equal to
0.279, while porphine has the value of the descriptor equal to -0.086 (Table 3). Electronegative
nitrogen atoms are evenly distributed in porphine, which makes its MATS1e value low, while in
5,10,15-NO2-etioporphyrin I, 5,10-NO2-etioporphyrin I, and 5,15-NO2-etioporphyrin I
introduction of nitro groups results in asymmetrical distribution. Apparently, the main point is
that MATS1e descriptor allows to distinguish molecules bearing electron accepting groups, e.g.
nitro groups, from molecules lacking such groups.
Table 3. Molecular descriptor values used in Model 2.
compound
(m-Cl)4-TPP
(o-Cl)4-TPP
(o-F)4-TPP
(p-Br)4-TPP test
(p-Cl)4-TPP
(p-F)4-TPP
(p-I)4-TPP
2,3,7,8-Tetraethylporphyrin
2,3,12,13-Tetraethylporphyrin
3,7,12,18-Tetramethyl-2,8diethylporhyrin
5,10,15-NO2-etioporphyrin I
5,10-NO2-etioporphyrin I test
5,15-NO2-etioporphyrin I
5-CHO-Octaethylporphyrin
5-NH2-etioporphyrin I
5-NO2-etioporphyrin I
Deuteroporphyrin-IX-DME test
Etioporphyrin I
N-CH3-Octaethylporphyrin test
Octaethylchlorin
Octaethylporphyrin
Octamethyl-TPP
Porphine test
Tetraphenylchlorin
Tetraphenyltetrahydroporphyrin
TPP
test

MATS1e
-0.04
-0.04
-0.026
-0.048
-0.04
-0.026
-0.037
-0.001
-0.001

Eig02_EA(dm)
0
0
0
0
0
0
0
0
0

HATS3m
0.155
0.146
0.095
0.231
0.125
0.086
0.349
0.038
0

S1_ fOSC
0.0103
0.0015
0.0047
0.0203
0.0189
0.018
0.0209
0.0062
0.002

-0.001
0.279
0.253
0.253
0.004
-0.045
0.202
-0.026
0.017
0.073
0.033
0.029
0.016
-0.086
-0.01
-0.004
-0.016

0
2.61
2.61
2.61
0
0
0
2.44
0
0
0
0
0
0
0
0.6
0

0.039
0.04
0.038
0
0
0
0
0
0
0
0.024
0
0.035
0
0.047
0.048
0

0.0115
0.0121
0.0117
0.0168
0.0282
0.0165
0.0155
0.0109
0.016
0.0131
0.1429
0.0159
0.0131
0.0022
0.0771
0.4625
0.0165

designates the compounds belonging to the test set
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Eig02_EA(dm) (relative contribution -37.2%) is an eigenvalue No 2 from the edge
adjacency matrix weighted by dipole moment. The descriptor is inversely correlated with Log
ФΔ. 5,10,15-NO2-etioporphyrin I, 5,10-NO2-etioporphyrin I, and 5,15-NO2-etioporphyrin I have
the highest values of Eig02_EA(dm) equal to 2.61, while for most of other compounds it is equal
to 0. Similarly to MATS1e, Eig02_EA(dm) allows to distinguish molecules bearing electron
accepting groups. High values of Eig02_EA(dm) for nitro-substituted porphyrins allow to predict
that such compounds have lower values of 1O2 generation quantum yield than other porphyrins
in the dataset.
HATS3m (relative contribution 16.1%) is a leverage-weighted autocorrelation of lag 3 /
weighted by atomic masses (GETAWAY descriptor) [50,51]. High HATS3m is favorable for
high Log ΦΔ. The value of HATS3m is equal to zero for 11 compounds presented in the dataset,
while (p-I)4-TPP)

has the highest value of the descriptor equal to 0.349. Apparently,

introduction of halogens, especially bromine and iodine, increases ФΔ values, which is a wellknown effect [52,53].
S1_fOSC (relative contribution -3.2%) is an oscillator strength for the first electronic
transition S0S1 calculated with M06-2X/6-31G(d,p),SDD method in the gas phase. The
descriptor is inversely correlated with Log ФΔ and has a minor contribution to Model 2.
Tetraphenyltetrahydroporphyrin has the highest value of S1_fOSC equal to 0.4625 while (o-Cl)4TPP has the lowest value of the descriptor (0.015). According to Kasha’s rule, emission always
occurs from the lowest excited state of the same multiplicity (S1). The oscillator strength of a
transition between the ground state and the excited state is related directly to the intensity of
emission [54,55]. Apparently, molecules with higher S1_fOSC possess higher emission rate and
lower intersystem crossing rate (a competing process), which results in the decrease of both ФT
and ФΔ.
Experimental and predicted by the MLR model ΦΔ values for each porphyrin compound
are presented in Table S2 and in Fig. 4.
We randomly splitted the dataset four times and tested the model performance in each
case. Key statistical parameters had the following value ranges: R2 = 0.844-0.922, pred_R2 =
0.646-0.905, q2 = 0.495-0.827, and RMSE = 0.034-0.040. As one can see, statistical parameters
after alternative dataset splitting are sufficient.
3.3 Model 3 (random forest regression)
Next, we have developed a random forest regression model (Model 3). The model
selected 54 descriptors out of the total of 182 descriptors; eight trees with a maximal depth equal
to 10 were used by the RFR model. Two descriptors have a relative contribution more than 10%.
We regarded these descriptors in details.
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nDB (relative contribution -37.9%) is a number of double bonds in the molecule
(constitutional descriptor). nDB is inversely correlated with Log ФΔ. 5,10,15-NO2-etioporphyrin
I and tetraphenyltetrahydroporphyrin have the highest value of this descriptor equal to 8 while
octaethylchlorin and tetraphenylchlorin have the lowest value of nDB equal to 1 (Table 4). Two
possible interpretations of the role of nDB descriptor can be proposed. First, increasing the
number of the double bonds leads to extension of the π system, and consequently to higher
values of molecular extinction coefficients and red shift of the absorption maxima. Secondly,
singlet oxygen may take part in [4+2] cycloaddition reaction with porphyrin molecules. Such
photooxidation processes involving singlet oxygen are common for electron-rich aromatic
compounds [26], including π-extended porphyrins [56,57]. Thus, molecules having higher
number of double bonds are more likely to react with 1O2 and are expected to have lower values
of ФΔ. Porphyrins chemically quench 1O2 with the rate constants lying in the range 1×104 - 1×108
M-1 s-1 [58].
Table 4. Values of two main descriptors used in Model 3 (random forest).
compound
(m-Cl)4-TPP
(o-Cl)4-TPP
(o-F)4-TPP
(p-Br)4-TPP test
(p-Cl)4-TPP
(p-F)4-TPP
(p-I)4-TPP
2,3,7,8-Tetraethylporphyrin
2,3,12,13-Tetraethylporphyrin
3,7,12,18-Tetramethyl-2,8-diethylporhyrin
5,10,15-NO2-etioporphyrin I
5,10-NO2-etioporphyrin I test
5,15-NO2-etioporphyrin I
5-CHO-Octaethylporphyrin
5-NH2-etioporphyrin I
5-NO2-etioporphyrin I
Deuteroporphyrin-IX-DME test
Etioporphyrin I
N-CH3-Octaethylporphyrin test
Octaethylchlorin
Octaethylporphyrin
Octamethyl-TPP
Porphine test
Tetraphenylchlorin
Tetraphenyltetrahydroporphyrin
TPP
test

nDB
2
2
2
2
2
2
2
2
2
2
8
6
6
3
2
4
4
2
2
1
2
2
2
1
8
2

SpDiam_EA(bo)
7.57
7.58
7.58
7.56
7.56
7.56
7.56
7.54
7.54
7.53
7.78
7.73
7.71
7.65
7.63
7.69
7.53
7.56
7.7
7.56
7.57
7.77
7.22
7.55
7.79
7.56

designates the compounds belonging to the test set
SpDiam_EA(bo) (relative contribution -17.8%) is a spectral diameter from edge

adjacency matrix weighted by bond order [59-61]. The descriptor is inversely correlated with
Log ФΔ. Tetraphenyltetrahydroporphyrin has the highest value of the descriptor equal to 7.79,
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while porphine has the lowest value equal to 7.22 (Table 4). Bulky substituents are known to
hinder the interaction between triplet excited states of porphyrin molecules and ground state
molecular oxygen, resulting in lower 1O2 quantum yields [62].
Experimental and predicted by random forest model (Model 3) Log ΦΔ values for each
porphyrin compound are presented in Table S3 and in Fig. 4.
After getting a proof-of-principle for QSPR application in the study of singlet
oxygen generation by free base porphyrins, we decided to extend this method to a larger
dataset of molecules, which includes corresponding metalloporphyrins. A dataset
consisting of twenty-six free base porphyrins and six zinc (II) porphyrins was analyzed.
Statistical parameters of the models obtained are summarized in Table 5.
Table 5. Statistical parameters of support vector regression (SVR), multiple linear
regression (MLR), and random forest (RFR) models predicting the quantum yield of
singlet oxygen generation by porphyrins and metalloporphyrins.
Parameter

SVR

MLR

RFR

R
R2
q2
pred_R2
RMSE
max ΦΔ error (ΦΔ in %)
RMS ΦΔ error (ΦΔ in %)

0.995
0.991
0.842
0.801
0.029
14.5
3.5

0.943
0.889
0.744
0.866
0.045
21.9
7.0

0.974
0.949
0.619
0.875
0.034
9.2
4.1

As one can see from Table 5, the statistical parameters of all three models are sufficient.
The SVR model has the best values of R, R2, q2, root mean square error, and root mean square
ΦΔ error. The RFR model has the best values of maximum ΦΔ error and pred_R2. Pred_R2 is
probably the most important parameter evaluating the predictive ability of the model towards the
test set. We suppose that RFR model is the optimal QSPR model «structure – singlet oxygen
generation quantum yield» since it possesses high determination coefficient for the training set
(R2 = 0.949) and the highest predicting ability towards the test set (pred_R2 = 0.875).
Key statistical parameters after alternative splitting had the following value ranges,
according to Model 3: R2 = 0.926-0.961, pred_R2 = 0.611-0.812, q2 = 0.620-0.783, and RMSE =
0.023-0.035. As one can see, the statistical parameters after alternative dataset splitting are
sufficient. However, SVR model (Model 1) possesses highest determination coefficients; MLR
model possesses the highest predicting ability towards the test sets, but in one of the splittings q 2
is barely sufficient (0.495). Nevertheless, we suppose that all three models possess satisfactory
tolerance to alternative dataset splitting.
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3.4 Model 4 (SVR)
We built a support vector regression (SVR) model with linear kernel (Model 4). The
model possesses constants C and epsilon both equal to 0.005. Linear kernel allows to evaluate
relative contributions of the descriptors in the model. The SVR model uses a full set of 182
descriptors, but the two most influential are S1_energy (relative contribution 3.1%) and
Eig02_EA(dm) (-2.5%). S1_energy is an energy of the first electronic transition S0S1
calculated with M06-2X/6-31G(d,p) method for the gas phase. The descriptor is directly
proportional to Log ФΔ. Zn-Etioporphyrin possesses the highest value of S1 state energy (2.437
eV) while octamethyl-TPP has the lowest value of S1_energy equal to 2.036 eV. Hence, the
importance of S0S1 transition arises again: see Model 2 for comparison. We suppose that the
role of S1 state energy reveals a well-known phenomenon that higher S1 energy is proportional to
a lower rate of chemical quenching of 1O2 [26]. the compounds capable of 1O2 quenching either
do not generate singlet oxygen or do it less efficiently. Eig02_EA(dm) is an eigenvalue No 2
from edge adjacency matrix weighted by dipole moment, which was previously used in Model 2
and allows to distinguish molecules with strong electron accepting groups.
Table 6. Values of the two main descriptors used in Model 4 (support vector regression).
Compound
(m-Cl)4-TPP
(o-Cl)4-TPP
(o-F)4-TPP
(p-Br)4-TPP test
(p-Cl)4-TPP
(p-F)4-TPP
(p-I)4-TPP
2,3,7,8-Tetraethylporphyrin
2,3,12,13-Tetraethylporphyrin
3,7,12,18-Tetramethyl-2,8-diethylporhyrin
5,10,15-NO2-etioporphyrin I
5,10-NO2-etioporphyrin I test
5,15-NO2-etioporphyrin I
5-CHO-Octaethylporphyrin
5-NH2-etioporphyrin I
5-NO2-etioporphyrin I
Deuteroporphyrin-IX-DME test
Etioporphyrin I
N-CH3-Octaethylporphyrin test
Octaethylchlorin
Octaethylporphyrin
Octamethyl-TPP
Porphine test
Tetraphenylchlorin
Tetraphenyltetrahydroporphyrin
TPP
Zn-(5,10-NO2)etioporphyrin I
Zn-(5,15-NO2)etioporphyrin I
Zn-(o-F)4-TPP

S1_energy, eV
2.179
2.209
2.180
2.161
2.162
2.161
2.162
2.298
2.279
2.267
2.240
2.248
2.250
2.196
2.303
2.254
2.263
2.253
2.196
2.189
2.253
2.036
2.294
2.197
2.313
2.165
2.429
2.430
2.375
19

Eig02_EA(dm)
0
0
0
0
0
0
0
0
0
0
2.61
2.61
2.61
0
0
0
2.44
0
0
0
0
0
0
0
0.6
0
2.61
2.61
0

Zn-Etioporphyrin
Zn-Octaethylporphyrin test
Zn-TPP
test

2.437
2.433
2.355

0
0
0

designates the compounds belonging to the test set
Experimental values of Log ΦΔ and values predicted by Model 4 for each porphyrin and

metalloporphyrin compound are presented in Table S4 and in Fig. 5.
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Fig. 5. Experimental vs. predicted Log ФΔ for the dataset combining free base porphyrins and
metalloporphyrins.
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We randomly divided the dataset into the training and testing sets four times and tested
the models to additionally confirm good quality of the Model 4. Main statistical parameters had
the following value ranges after additional dataset splitting: R2 = 0.976-0.985, pred_R2 = 0.5670.881, q2 = 0.654-0.799, and RMSE = 0.016-0.031. These results show that Model 4 is tolerant
to alternative splitting and possesses high predicting ability and stability: determination
coefficients R2 are especially high.
3.5 Model 5 (MLR)
We obtained a linear regression equation predicting Log ФΔ of 32 compounds. The
equation is following:
Log ФΔ = -0.470(+/-0.682) - 0.052(+/-0.024* Eig02_EA(dm) - 0.660(+/-0.229)*MATS1e
+ 0.362(+/-0.138)*SpMax4_Bh(p) + 0.112(+/-0.175)*S1_fOSC +
0.343(+/-0.096)*HL_Gap

(Model 5)

Eig02_EA(dm) (relative contribution -37.2%) is an eigenvalue No 2 from edge adjacency
matrix weighted by dipole moment. The descriptor was used in Model 2. It is inversely
correlated with Log Ф. Eig02_EA(dm) allows to distinguish molecules with electron accepting
groups, which have a negative influence on 1O2 generation quantum yields .
MATS1e (relative contribution -36.9%) is a Moran autocorrelation lag 1 / weighted by
atomic Sanderson electronegativities [48]. MATS1e is inversely correlated with Log ФΔ. As well
as Eig02_EA(dm), MATS1e allows to distinguish molecules bearing electron accepting groups.
Table 7. Molecular descriptor values used in Model 5 (MLR).
compound
(m-Cl)4-TPP
(o-Cl)4-TPP
(o-F)4-TPP
(p-Br)4-TPP test
(p-Cl)4-TPP
(p-F)4-TPP
(p-I)4-TPP
2,3,7,8-Tetraethylporphyrin
2,3,12,13-Tetraethylporphyrin
3,7,12,18-Tetramethyl-2,8-diethylporhyrin
5,10,15-NO2-etioporphyrin I
5,10-NO2-etioporphyrin I test
5,15-NO2-etioporphyrin I
5-CHO-Octaethylporphyrin
5-NH2-etioporphyrin I
5-NO2-etioporphyrin I
Deuteroporphyrin-IX-DME test
Etioporphyrin I
N-CH3-Octaethylporphyrin test
Octaethylchlorin

MATS1e
-0.04
-0.04
-0.026
-0.048
-0.04
-0.026
-0.037
-0.001
-0.001
-0.001
0.279
0.253
0.253
0.004
-0.045
0.202
-0.026
0.017
0.073
0.033
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SpMax4_Bh(p)
3.86
3.86
3.84
3.87
3.86
3.84
4.02
3.63
3.62
3.67
3.71
3.71
3.71
3.74
3.71
3.71
3.68
3.71
3.74
3.73

S1_fOSC HL_Gap, eV
0.0103
2.74
0.0015
2.8
0.0047
2.75
0.0203
2.68
0.0189
2.69
0.018
2.74
0.0209
2.68
0.0062
2.93
0.002
2.9
0.0115
2.95
0.0121
2.82
0.0117
2.92
0.0168
2.86
0.0282
2.72
0.0165
2.61
0.0155
2.89
0.0109
2.94
0.016
2.94
0.0131
2.89
0.1429
2.59

Octaethylporphyrin
Octamethyl-TPP
Porphine test
Tetraphenylchlorin
Tetraphenyltetrahydroporphyrin
TPP
Zn-(5,10-NO2)etioporphyrin I
Zn-(5,15-NO2)etioporphyrin I
Zn-(o-F)4-TPP
Zn-Etioporphyrin
Zn-Octaethylporphyrin test
Zn-TPP
test

0.029
0.016
-0.086
-0.01
-0.004
-0.016
0.253
0.253
-0.026
0.017
0.029
-0.016

3.74
3.84
3.54
3.84
3.84
3.84
3.71
3.71
3.84
3.71
3.74
3.84

0.0159
0.0131
0.0022
0.0771
0.4625
0.0165
0.0271
0.0528
0.0026
0.0355
0.0349
0.0146

2.94
2.49
2.91
2.64
2.15
2.69
2.92
2.89
2.92
2.94
2.95
2.95

designates the compounds belonging to the test set
SpMax4_Bh(p) (relative contribution 16.3%) is a largest eigenvalue No 4 of Burden

matrix weighted by polarizability [63]. The descriptor is directly correlated with Log ФΔ.
Porphine has the lowest value of the descriptor (3.54) while (p-I)4-TPP has the highest value of
SpMax4_Bh(p) equal to 4.02 (see Table 7). The diagonal elements are roughly proportional to
the polarizability of the atoms. The larger the polarizability of the atoms the larger the
SpMax4_Bh(p) value, which leads to a increase in Log ФΔ.
S1_fOSC (relative contribution 8.4%) is an oscillator strength for the first electronic
transition S0S1 calculated with M06-2X/6-31G(d,p),SDD method in the gas phase. The
descriptor is directly correlated with Log ФΔ. It was already involved in Model 2 and was
inversely correlated with Log ФΔ. However, in Model 5 it is directly proportional to Log ФΔ. It
reveals that metalloporphyrins, which were added to the dataset, have a relatively high values of
S1_fOSC (Table 7) and have high values of Log ФΔ. Nevertheless, the descriptor is barely
correlated with Log ФΔ: R2 = 0.0029.
HL_Gap (relative contribution 1.2%) is a HOMO-LUMO gap calculated at B3LYP/631G(d,p) level of theory for the gas phase. The descriptor is directly correlated with Log ФΔ and
has a minor contribution to the model. Several compounds including 3,7,12,18-tetramethyl-2,8diethylporhyrin, Zn-octaethylporphyrin, and Zn-TPP possess the highest value of HOMOLUMO gap equal to 2.95 eV (see Table 7) while tetraphenyltetrahydroporphyrin has the lowest
value of HOMO-LUMO gap (2.15 eV). HL_Gap descriptor reflects the fact that S1 state energy
affects the rate of chemical quenching of 1O2 [26]. Thus, the molecules with low HL_Gap value
participate in 1O2 quenching and do not generate singlet oxygen or do it less efficiently.
Experimental value of Log ΦΔ and values by Model 5 for each porphyrin and
metalloporphyrin compound are presented in Table S5 and in Fig. 5.
We additionally splitted the dataset four times and tested the model performance in each
case. The statistical parameters had following value ranges: R2 = 0.891-0.936, pred_R2 = 0.7190.791, q2 = 0.745-0.873, and RMSE = 0.030-0.047. Thus, statistical parameters after alternative
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dataset splitting are sufficient for Model 5. R2 parameter values of Model 4 (SVR) are higher,
but the key parameter pred_R2 is higher for Model 5.
3.6 Model 6 (RFR)
Next, we have built a random forest regression model (Model 6). The model used 70
descriptors and 12 trees with a maximal depth equal to 80. Two descriptors had a relative
contribution more than 10%. We will regard these descriptors in details.
SpDiam_EA(bo) (relative contribution -37.4%) is a spectral diameter from edge
adjacency matrix weighted by bond order [59-61]. The descriptor is inversely correlated with
Log ФΔ. It was already used in Model 3. Tetraphenyltetrahydroporphyrin has the highest value
of SpDiam_EA(bo) equal to 7.79 while porphine has the lowest value of SpDiam_EA(bo) equal
to 7.22 (Table 8). Apparently, bulky substituents are unfavorable for high quantum yield of 1O2
generation as they hinder the interaction of excited states of porphyrin and metalloporphyrin
compounds with triplet state molecular oxygen that leads to reduced ФΔ values.
Table 8. Molecular descriptor values used in Model 6 (RFR).
Compound
(m-Cl)4-TPP
(o-Cl)4-TPP
(o-F)4-TPP
(p-Br)4-TPP test
(p-Cl)4-TPP
(p-F)4-TPP
(p-I)4-TPP
2,3,7,8-Tetraethylporphyrin
2,3,12,13-Tetraethylporphyrin
3,7,12,18-Tetramethyl-2,8-diethylporhyrin
5,10,15-NO2-etioporphyrin I
5,10-NO2-etioporphyrin I test
5,15-NO2-etioporphyrin I
5-CHO-Octaethylporphyrin
5-NH2-etioporphyrin I
5-NO2-etioporphyrin I
Deuteroporphyrin-IX-DME test
Etioporphyrin I
N-CH3-Octaethylporphyrin test
Octaethylchlorin
Octaethylporphyrin
Octamethyl-TPP
Porphine test
Tetraphenylchlorin
Tetraphenyltetrahydroporphyrin
TPP
Zn-(5,10-NO2)etioporphyrin I
Zn-(5,15-NO2)etioporphyrin I
Zn-(o-F)4-TPP
Zn-Etioporphyrin
Zn-Octaethylporphyrin test
Zn-TPP

SpDiam_EA(bo)
7.57
7.58
7.58
7.56
7.56
7.56
7.56
7.54
7.54
7.53
7.78
7.73
7.71
7.65
7.63
7.69
7.53
7.56
7.7
7.56
7.57
7.77
7.22
7.55
7.79
7.56
7.73
7.71
7.58
7.56
7.57
7.56
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saaNH
7.47
7.43
6.84
7.62
7.5
7.15
7.68
7.2
7.3
7.23
6.29
6.68
6.68
7.51
7.38
7.07
7.07
7.45
3.84
7.7
7.66
8.1
6.75
7.67
3.83
7.61
6.68
6.68
6.84
7.45
7.66
7.61

test

designates the compounds belonging to the test set

SaaNH (relative contribution 12.7%) is an atom-type electrotopological E-state index for
aNHa groups (NH groups accompanied with two aromatic bonds). The descriptor is directly
proportional to Log ФΔ. Octamethyl-TPP has the highest value of SaaNH equal to 8.1 while
tetraphenyltetrahydroporphyrin has the lowest value of SaaNH equal to 3.83 (Table 8). E-state
indices are a combination of electronic, topological, and valence state information that
summarizes information related to atom types and electron accessibility that are influenced by all
of the structural features of a molecule [64-66]. SaaNH emphasizes electronic molecular
information. For instance, octamethyl-TPP possesses electron donating methyl groups and an
extended π-conjugated system, which leads to an increase in SaaNH value. On the other hand, in
tetraphenyltetrahydroporphyrin the conjugation is blocked by saturation of pyrrole rings, which
leads to a pronounced decrease of Log ФΔ.
Experimental values of Log ΦΔ and values predicted by Model 6 for each porphyrin and
metalloporphyrin compound are presented in Table S6 and in Fig. 5. As one can see, the highest
residual Log ФΔ is equal to 0.07 for Model 6, which is lower than for Model 4 (0.10) and Model
5 (0.13). We may assume that RFR model (Model 6) is superior to SVR and MLR models.
We also calculated vertical S1 and T1 energies of all porphyrin compounds. Surprisingly,
the singlet-triplet energy gap was not found to play a role in any of the models. In fact, the
determination coefficient R2 between S-T gap values and Log ΦΔ was equal to 0.02. This is
consistent with our previous work on furocoumarins, which demonstrated that S-T gap does not
influence the Log ΦT prediction [25].
Key statistical parameters after alternative splitting had the following value ranges,
according to Model 6: R2 = 0.940-0.968, pred_R2 = 0.569-0.828, q2 = 0.560-0.669, and RMSE =
0.024-0.034. The statistical parameters after alternative dataset splitting are sufficient: thus, all
three models possess satisfactory tolerance to alternative dataset splitting. SVR model (Model 4)
possesses the highest determination coefficients towards the training set as compared to Model 5
and Model 6. However, the MLR model possesses the highest predicting ability towards the test
set and the highest internal stability (q2).
Thus, we proved that QSPR method is applicable to the study of singlet oxygen
generation not only for free base porphyrins, but also for metalloporphyrins. The developed
models deliver reasonable results and are theoretically well interpretable.
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4.

Conclusion
In this study, a QSPR approach for predicting the efficiency of singlet oxygen generation

by free base pophyrins and metalloporphyrins was developed. Three different methods of
machine learning were applied: support vector regression (SVR), multiple linear regression
(MLR), and random forest regression (RFR).
First, a dataset consisting of 26 free base porphyrins was studied and three models
predicting ΦΔ values were developed. All three models were found to be sufficient. The
SVR model was found to be most accurate in the prediction of ΦΔ for the training set of
compounds. The MLR model showed the best performance for predicting ΦΔ for the test
set. The RFR model was found to be the most internally stable one (q 2 = 0.787). Thus, we
proved that QSPR methodology is applicable to the study of

1

O2 generation by

porphyrins.
Second, we examined the activity for a larger set of molecules, comprised of 26 free base
porphyrins and six metalloporphyrins. All three models were found to be sufficient. The SVR
model performed as the best one in predicting ΦΔ for the training set and was the most internally
stable one (q2 = 0.842). The RFR model showed the best performance in predicting ΦΔ for the
test set (pred_R2 = 0.875). The MLR model showed the best tolerance to alternative dataset
splitting. Thus, we showed that QSPR methodology is applicable to the study of 1O2 generation
by coordination compounds, in particular, metalloporphyrins.
The models were built using a combination of autocorrelation, GETAWAY, topological,
and quantum-chemical descriptors. SpDiam_EA(bo), Eig02_EA(dm), MATS1e, and S1 state
energy descriptors were found to be most influential. Relative contribution of the descriptors to
the models was evaluated and interpreted taking into account structural and electronic effects in
the molecules. MLR models provided valuable information about the descriptors involved. For
example, it proves that halogenation of porhyrins increases ΦΔ, while introduction of nitro
groups has a negative influence on ΦΔ.
Machine learning and QSPR are largely used nowadays in photochemistry. For example,
they are applied for the prediction of photovoltaic properties of new materials [67,68]. When we
began our studies in 2016 [24], there were almost no works dedicated to 1O2 generation analysis
with QSPR, but now our studies belong to a new emerging field of knowledge [69]. The
developed models can be used not only for PDT, but also for the PUVA-therapy of such diseases
as psoriasis and vitiligo [25]. We believe that the QSPR models developed in our study will be
useful for the screening and design of free base porphyrin and metalloporphyrin photosensitizers
with high singlet oxygen generation quantum yields.
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